ABSTRACT Infrared small target detection is challenging due to the various background and low signalto-clutter ratios. Considering the information deficiency faced by single spatial or temporal information, we construct a low false alarm spatial and temporal filter for infrared small target detection. A multiscale patch-based contrast measure is first used to suppress background and remove cloud edges at a coarse level. Then, a temporal variance filter is used to remove small broken cloud regions and suppress noise at a fine level. By integrating these two methods, infrared small targets can be extracted accurately and robustly using an adaptive threshold segmentation. The experimental results indicate that our proposed method can robustly detect small infrared targets with a low false alarm rate.
I. INTRODUCTION
Infrared small target detection is an active research area in many domains, such as early warning, space tracking and video surveillance. However, an infrared target has several challenging characteristics. First, since the target is far from the optical system, it appears as a point with insufficient shape and textural information. Second, due to distortions and the optical blurring, the infrared small target usually has a point spread characteristic in the focal plane. Third, the intensity and shape of a small target are not fixed in different weathers, seasons and time. Besides, there are also many challenging characteristics of backgrounds, for example, the cirrus clouds with ice crystals and the ocean are easy to cause sunlight reflections, broken cloud and cloud edges drift over time. Therefore, infrared dim small target detection is still considered as a difficult work.
In general, strong evolving clouds may lead to a low local contrast of a target with its surrounding neighbors. Recently, several spatial methods based on Human Visual System (HVS) have shown great potential for infrared small target detection, for example, Local Contrast Measure (LCM) [1] , Improved Local Contrast Measure (ILCM) [2] , Novel Local Contrast Measure (NLCM) [3] and Multiscale patch-based Contrast Measure (MPCM) [4] . Besides, considering cloud edge are main false alarm sources
The associate editor coordinating the review of this manuscript and approving it for publication was Jiachen Yang. in infrared small target detection, several local contrast methods have been proposed weighted by cloud edge suppression factor in recent years, such as the entropy weighted methods [5] , [6] , Total Variation (TV) weighted method [7] , structure tensor weighted methods [8] - [10] , gradient information [11] , [12] and derivative information calculated based on facet model [13] - [17] for cloud edge removal. It is worth mention that the MPCM method [4] considers the distribution difference between a target and cloud edges, and utilizes the minimized product in diagonal directions as the final enhancement results. It is a simple local contrast measure, and obtains promising performance for cloud edge removal.
Since speckle noise and broken clouds with similar intensity and shape to the target are the major false alarm sources after processed by single-frame detection methods, various multi-frame detection methods are proposed to remove these regions using temporal information, such as 3-D Matched filtering [18] , [19] , Dynamic Programming method [20] , [21] , Maximum Likelihood method [22] , and Markov Random Field (MRF) [23] , and Convolution Neural Network (CNN) based methods [24] - [26] . However, these methods cannot detect targets with sub-pixel motion in adjacent frames. Methods based on Temporal Profiles (TPs) can solve this problem. When targets move through pixels, they will create temporal profiles with pulse-like shape. The height of the pulse scales with the intensity of a target, while its width inversely with the velocity of a target [27] .
Silverman et al. [28] have done many fundamental works of TP methods, such as the zero-mean damped sinusoid filter [29] , Temporal Variance Filter (TVF) [28] , and Triple Temporal Filter (TTF) [30] . It is worth mention that the TVF method is simple and easy to implement in hardware. But many false alarms can still be found at cloud edges in the detection results.
In summary, the single-frame detection methods are not good at speckle noise and small broken clouds suppression, while the temporal detection methods are not good at drifted cloud edges suppression. To make false alarms as low as possible, and to detect sub-pixel moving dim small targets, we construct a new spatial and temporal small target detection method, i.e., Temporal Variance and Spatial Patch Contrast Filter (TVPCF). First, the spatial contrast filter Multiscale patch-based Contrast Measure (MPCM) is used to suppress background and remove cloud edges at a coarse level. Second, the Temporal Variance Filter (TVF) is used to remove broken cloud clutter and suppress noise at a fine level. Experiment results on four real sequences have demonstrated the effectiveness of the proposed method.
The content of this paper is organized as follows. Section II reviews the related works on dim small point target detection. Section III introduces the MPCM method. Section IV describes the principle of the TVF method. Section V gives an overview of the proposed moving point target detection method. In Section VI, several experiments are presented to demonstrate the efficiency of our proposed method. The conclusions are shown in Section VII.
II. RELATED WORKS
Numerous infrared small target detection methods have been proposed in recent years. These methods can be categorized into two classes, namely, the single-frame and multi-frame small target detection methods.
A. SINGLE-FRAME DETECTION METHODS
Some HVS-based small target detection methods have been proposed in recent years. Chen et al. [1] assume targets are brighter than surrounding neighbors and calculate the ratio between the brightest central pixel and the brightest neighborhood pixel. The proposed Local Contrast Measure (LCM) can cover most pixels affected by the point spread characteristics of a target and it is a widely used baseline local contrast method. Then, the Improved Local Contrast Measure (ILCM) [2] utilizes image patches instead of pixels and mean value of the central cell instead of maximum to compute local contrast measure. It improves the computational efficiency and robustness of LCM. The Novel Local Contrast Measure (NLCM) [3] utilizes the mean value of the first 2 or 3 maximal gray values instead of the mean value of the central cell. Moreover, it considers that the variance of the target region is usually larger than that of the noise and background region. It is effective in isolated noise points suppression. Chen and Xin [31] propose the concept of self-similarity based on distance information as the weight, and derive a local contrast measure with weighted median of the image patch.
To suppress cloud edge, Deng et al. [5] , [32] introduce the local entropy for cloud edge removal. The Novel Weighted Image Entropy (NWIE) map [5] introduces the multiscale grayscale difference weighted by the information entropy to suppress cloud edges. The Local Difference Measure (LDM) [32] constructs a new local difference measure using an entropy-based window selection technique to enhance small targets and suppress background. It improves the calculational efficiency of traditional multiscale gray difference measure [33] . Dai and Wu [8] , Dai et al. [9] , and Liu et al. [10] introduce the structure tensor as the cloud edge suppression factor. Li and Zhang [34] introduce a local steeling kernel representation to distinguish small targets from cloud edges. Besides, Zhang et al. [13] , Bai and Bi [14] , and Qi et al. [15] employ the derivative information calculated on the facet model to suppress cloud edges.
B. MULTI-FRAME DETECTION METHODS
In temporal domain, speckle noise does not have fixed trajectory, some broken clouds are static in adjacent frame, while targets have directional trajectory feature. many multi-frame detection methods use these features to extract infrared small targets. Tzannes and Brooks [35] - [37] demonstrate that targets can be extracted by Continuous Wavelet Transformation (CWT) and Hypothesis Testing. Recently, Liu et al. [38] Connect Lines of Stagnation Points (CLSP) of temporal profiles as baseline for moving target detection. Kim et al. [39] propose a Temporal Contrast Filter (TCF) using the minimum value of temporal profiles as a baseline. However, it still cannot detect targets with sub-pixel moving velocity well. Liu et al. [40] propose a Nonlinear Adaptive Filter (NAF) to extract pulse signals using variance estimation on temporal profiles. NAF is a variant of the median-modified Wiener filter. Besides, Niu et al. [41] propose a higher order statistical method based on a traditional bispectrum-based transient signal detector to detect moving targets in high-frame-rate image sequences.
Besides, Deng et al. [42] propose a Spatial-Temporal Local Contrast Filter (STLCF) to detect small moving targets. STLCF combines the local contrast features of a moving target in spatial and temporal domains to perform small target detection. Li et al. [43] propose a novel spatio-temporal saliency method based on regularized feature reconstruction to represent the motion consistency characteristic of a small target. Dong et al. [44] propose a revised Visual Attention and Pipeline-Filtering Model (VAPFM) to extract and associate candidate targets. It first evaluates the smoothness of an image background. Then, if the background is smooth, it demonstrates that using the intensity feature only can obtain better target enhancement and background suppression results than using multi-features. If the background is strong fluctuated, using the orientation feature only will be a better choice than using multi-features.
Besides, some CNN-based methods [24] - [26] have been proposed for infrared small target detection. Wang et al. [24] use the open dataset (ILSVRC 2013) and the simulated dataset to train data and extract features of infrared small targets. Fan et al. [25] employ the MNIST dataset to predict the dim targets and background sub-images in the first layer of CNN. Liu et al. [26] also use visible images (ImageNet dataset) to train a CNN, and then parameters are adjusted to deal with small target detection and tracking in infrared images. On the whole, due to the lack of sufficient training data, these methods have to introduce visible datasets [25] , [26] or simulated datasets [24] , [45] , [46] to train a CNN. However, when an infrared small target appears in a low local contrast image or the size of an infrared target is too small, it is still weak for CNN on feature learning.
III. THE MPCM FILTER
We first introduce the MPCM filter [4] . In MPCM, a sliding window moves in an infrared image from left and top to right and down pixel by pixel, as shown in Fig. 1 . Note that, the central sub-window is denoted by T , and the surrounding sub-windows are denoted by B k . Then, the sliding window is divided into 9 sub-windows. The average gray value of each sub-window is, where
is the gray value of the pixel (x, y) in each sub-window, N is the number of pixels in each sub-window, and m 0 represents the mean value of the central patch. Then, the mean value in the middle window is subjected to the neighboring windows to calculate the local gray difference contrast in eight different directions, i.e.,
where m T and m B k are the average intensity of the central patch and the k-th surrounding background patch, respectively. Third, the local contrast measure can be calculated by the multiplication of above results in the opposite directions. It can be given as, (3) whered k represents the local gray difference between the reference patch and the surrounding background patches along the k-th direction. It can be found that ifd k > 0, it is a bright or a dark target exists in the central patch. Otherwise,d k is set to zero to suppress complex background.
Finally, the minimum of the multiplication results is defined as the final local contrast value, i.e.,
Since the size of a small target can range from 2×2 to about 9 × 9 pixels in real scenes [47] , the size of the sub-windows is set from 2 to 9, and the maximum contrast result in each pixel will be chosen as the final contrast map [1] , [4] .
Above all, once an input infrared image is processed by the MPCM filter, promising target enhancement results are achieved, as shown in Figs. 5 and 6. However, speckle noise and broken clouds with shapes similar to the target are still remained.
IV. THE TVF FILTER
TVF [29] is a recursive filter, which uses the temporal profile for infrared small target detection. Due to its high efficiency and simple implementation, the temporal variance filter (TVF) is used to further target enhancement and background suppression.
A. PIXEL TEMPORAL PROFILE
As shown in Fig. 2 , we choose four representative temporal profiles of pixels covered by a target, a cloud edge, an inner cloud and a clear sky region. The temporal profiles of pixels affected by clear sky (196, 125) or inner cloud (11,88) behave like a constant value plus noise. The temporal profile of the pixel affected by cloud edge (133,138) appears as a slope curve plus noise. The temporal profile of the pixel affected by a target (173,139) has a pulse-like shape, it differs from the temporal profiles of cloud background and clear sky region. Specifically, for a clear sky or an inner cloud background pixel, the temporal profile fluctuation is often caused by random noise. Therefore, these pixels can be modeled as,
where I (k) is the signal intensity of a pixel in the k-th frame, C is a constant value, n(k) is a random noise assumed to obey Gaussian distribution.
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For a strong evolving cloud clutter pixel or a cloud edge pixel, its temporal profile appears as a moderate slope shape. It can be modeled by a first-order Markov model [37] , i.e.,
where I (k − 1) is the signal intensity of a pixel in the (k − 1)-th frame. For a target pixel, its temporal profile is different from those of background cloud clutter and noise affected pixels. It can be described as,
where t(k) is the signal intensity of the target, 0 < m < 1.
As m → 0 and b → C, the target occurs in the clear sky region. As m → 1 and b → 0, the target occurs in the cloud clutter region.
B. PIXEL TEMPORAL VARIANCE
Next, based on the mathematical model built in the previous section, we analyze the change of variance in different regions of an image in this part. Assume that the clear sky pixel and random noise pixel are independently distributed, the temporal variance of these pixels is,
Then, assume that the background clutter pixel and random noise pixel are independently distributed, according to Eq. 6, the temporal variance of drifting or evolving cloud clutters is,
where k 1 represents the frame number of a target entering a pixel, k 2 represents the frame number of a target leaving a pixel. Finally, assume that the background clutter, random noise and target pixels are independently distributed, according to the model in Eq. 7, the temporal variance of a target pixel is,
From Eqs. (8)- (10), it can be observed that when a target exists in a background pixel, the variance of its temporal profile will increase, i.e., σ 2 t . This can help to determine whether a possible target exists or not.
C. THE COMPUTATION PROCESS OF TVF
The TVF filter is a recursive filter [28] . Its computation process is as follows: First, the mean value R 1 (k) of an input image in temporal domain for each pixel is calculated sequentially, i.e.,
where M represents the time window length for mean value calculation [28] . Second, the variance value R 2 (k) of an input image in temporal domain for each pixel is calculated consecutively, i.e.,
where N represents the number of frames for variance calculation [28] . Third, the change of variance R 3 (k) by subtracting from the average value of results obtained in the second step is calculated as follows,
Fourth, the average value R 4 (k) of results achieved in the third step is calculated as the final filtering results.
V. THE PROPOSED SPATIAL-TEMPORAL FILTER
Since the MPCM method has a good performance of single-frame background suppression, especially for cloud edge removal. Meanwhile, the TVF method can remove small broken cloud region and regions affected by noise. Therefore, we propose a spatial-temporal filter (i.e., TVPCF) by integrating these two filters. The overview of the proposed detection method is given in Fig. 3 . First, the local diagonal difference measure MPCM is used to suppress background at a coarse level. Then, TVF is used as our temporal filter to complement the spatial filter at a fine level. Finally, an adaptive threshold is used to extract candidate targets. The threshold for target segmentation is computed according to
where µ and σ are the average grayscale value and standard deviation of the final enhancement result, respectively. k is a parameter. In our experience, It ranges from 5 to 25.
VI. EXPERIMENTAL RESULTS AND ANALYSES
In this section, we first introduce the data and the evaluation metrics in Section VI-A. Second, 6 recent singleframe local contrast measures are analyzed in Section VI-B. Third, we analyze the impact of time window length for TVF in Section VI-C.Forth, 5 multi-frame small target detection methods are compared to demonstrate the effectiveness of our method in Section VI-D. Finally, the computation efficiency is given in Section VI-E. 
where S, C and N are the intensity of target, the standard deviation of clutter and noise in an image, respectively. Subscripts in and out represent the original input image and the enhanced output image, respectively. A ROC curve represents the tradeoff between the probability of detection (P d ) and the probability of false alarm (P f ). They can be calculated as:
where n t , n c , n f and n represent the number of true detected target pixels, true existing target pixels, false detected pixels and the whole number of image pixels, respectively. 
B. SINGLE-FRAME TARGET ENHANCEMENT PERFORMANCE
To test the ability of target enhancement and background suppression, we compare the MPCM method with 5 stateof-the-art single-frame small target detection methods on Sequences 1-2. Figures 5 and 6 show the saliency maps achieved by these single-frame small target detection methods. It can be seen that the LCM and ILCM methods are inferior to other methods in background suppression. The NLCM, NWIE and LDM methods can enhance the target and suppress background to some extent, but stripe-like cloud edges, broken cloud, severe clutter and speckle noise regions still cause several false alarms in their filtered results, as shown in Figs. 5 and 6. Finally, it can be observed that MPCM obtains better target enhancement results and less background clutter residuals than other local contrast small target detection methods. The enhancement performance of the 6 single-frame detection methods is further quantitatively evaluated using SCRG and BSF, as shown in Fig. 7 . For Sequence 1 and Sequence 2, 30 and 100 frames are used to calculate the evaluation results, respectively. It can be seen that LCM and ILCM obtain very low scores in terms of SCRG and BSF. NLCM and NWIE obtain higher SCRG scores than LCM and ILCM, but they achieve very low scores in terms of BSF. LDM is superior to other methods in terms of BSF, but it achieves a low score of SCRG. MPCM obtains a better target enhancement performance than LDM. Meanwhile, it can be clearly seen that the MPCM method obtains the highest score in terms of SCRG. These results imply that the MPCM method is robust to different scenes and achieves outperforming performance for target enhancement and background suppression in single frame detection methods.
C. PARAMETERS ANALYSIS OF TVF
For a TVF filter, the lengths of time window (i.e., M and N ) for mean value and variance calculation have a large impact on the filtering results. Therefore, a better performance can be achieved by finely adjusting the parameters. It can be seen that the larger values of M and N , the longer trajectories of targets can be reserved in the enhancement results. However, when M and N are too large, targets cannot be enhanced well, as shown in Fig. 8(a) . Finally, to reserve trajectories of targets with different sub-pixel velocities, while ensure targets can be better enhanced, M = 16 and N = 8 is visually a better choice than other cases, as shown in Fig. 8(b) .
Furtherly, we calculate SNRG under different lengths of time window quantitatively. Figure 9 
D. MULTI-FRAME TARGET ENHANCEMENT AND DETECTION RESULTS
To evaluate the effectiveness and robustness of our spatialtemporal filter TVPCF, 5 multi-frame small target detection methods [28] , [38] - [40] , [42] are compared on 4 real sequences. All parameters of these methods are set according to their references. Figures 10 and 13 show the results achieved by different multi-frame target detection methods. It can be seen that our TVPCF achieves the best target enhancement and background suppression results on all sequences, and the target trajectories are reserved at the same time.
Note that, TVF is a recursive filter. That is, during the accumulation of the variance of target pixels, the variance of background pixels (which contain slowly evolving clutter) is also accumulated, as shown in Sequence 1 ( Fig. 10(a) ). TCF uses the minimum value of previous consecutive frames on the temporal profile as baseline. However, for the background region which is not static or with evolving clusters, many false alarms can be found in the filtering results, as shown in Sequences 1-3 (Figs. 10(b)-12(b) ). CLSP connects lines of the stagnation points of a temporal profile as baseline to extract target pulse signals. However, when the intensity of the target region is not homogeneous, the temporal profile of a target pixel could be affected by noise or background, Therefore, the target cannot be enhanced well in this case, as shown in Sequences 2-3 (Figs. 11(c)-12(c) ). NAF obtains better target enhancement results than the TVF, TCF and CLSP methods. However, for scenes which are mostly covered by clouds, i.e., Sequences 1 and 3 (Figs. 10(d)-12(d) ), it can be seen some background clutters still remain in the target enhancement and background suppression results. STLCF is a spatial-temporal jointed mean subtraction filter. It cannot enhance the target when the target is very dim and is sensitive to noise, as shown in Sequences 2-3 (Figs. 11(e) and 12(e)). On Sequence 4, since the background is relative smooth, all the 6 multi-frame detection methods obtain good target enhancement results. But the background suppression performance is still not very well for TCF and STLCF methods.
Besides, the accuracy of detection results and false alarms are two main factors that have to be considered, the Receiver Operating Characteristic (ROC) curves are employed to evaluate the performance of the proposed method. They are obtained under different segmentation thresholds, as given in Eq. 15.
From the ROC curves shown in Fig. 14 , it can be seen that the proposed TVPCF method achieves the best performance on Sequences 2-4, and the second best performance on Sequence 1. The STLCF method obtains the best performance on Sequence 1, but it achieves the lowest detection rate on Sequence 2. That is because, the STLCF method cannot well detect small targets with very slow velocity.
E. COMPUTATIONAL EFFICIENCY
Since time efficiency is important for practical Infrared Search and Track (IRST) systems, the runtime of 6 multiframe detection methods is calculated. We implement all the methods in MATLAB 2014a, with a 2.7 GHz Intel i5-5257 processor and 4.0 GB RAM. The results are shown in Table 2 . It can be found that the run time of our proposed method is the second shortest in detection of infrared small targets. Though NAF [40] and STLCF [42] methods obtain a better detection results than other baseline methods, the computation time of these two methods is much longer than others. Besides, for different image sequences, the computation time is affected by image resolution (as listed in Table 1 ). To conclude, the proposed method is very efficient for infrared small target detection.
VII. CONCLUSION
In this paper, we propose a small target detection method based on a spatial local contrast filter (MPCM) combined with a temporal recursive filter (TVF). We first use MPCM to suppress background (specially cloud edges) at a coarse level. We then use TVF to further remove broken clouds and random speckle noise at a fine level. Combining the advantages of these two methods, we obtain promising infrared small target detection results. 
